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Supplementary Note 1

Experiments with 2 real fish in the same arena and in the Matrix.

We also conducted ‘traditional’ experiments (i.e., those in which real fish swim together)
in the same virtual reality arena with the same background projection, but without any virtual
fish. This allowed us to analyze data from two real fish swimming in the 3D environment. We
calculated and compared the lateral and forward swimming speeds of the following fish to those
obtained in the virtual reality system. We next analyzed the lateral and forward speeds of the
follower whenever there were leader-follower patterns (see filter and parameters below). Lateral
and forward speeds were defined in relation to a coordinate system centered on the leader, with the
positive direction pointing towards the leader’s head (estimated as swimming direction, Fig. 2a).
We averaged the speed over 1 second to obtain the average swimming speed. We divided the speed
data into a heatmap with 30 grid cells in the left-right distance and 15 grid cells in the front-back

distance. We colored each bin based on the average swimming speed within it.

In our analyses of the leader’s swimming properties, we applied an algorithm to identify
bursts of high swimming speeds and extract burst-glide swimming periods. Maximum swimming
speeds over the extracted burst-glide periods are defined as v,,,., and the time to reach the maxi-

mum swimming speeds is defined as ¢ (Supplementary Fig. 7i-k).

VUmazx

Experiments with 1 virtual fish swimming at different average speeds.

In these experiments, we controlled the virtual fish to swim back-and-forth in the arena at

a depth of 0.03 m and along a straight line of length of 0.24 m (Fig. 2b). The average speed of
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the virtual fish ranges from 0.04 to 0.08 m/s with an interval of 0.01 m/s under burst-and-glide
motion extracted from a random real fish’s swimming pattern (average swimming speed is 0.04
m/s and the length of the segment is 8 seconds, Fig. 2c). Faster speeds of the virtual fish are
achieved by multiplying the base speed by a factor of (1.25, 1.5, 1.75, and 2). The stable distance
lags between the leader, and follower are determined based on the relative position of the follower
at a coordinate determined based on the leader (Fig. 2a). The lateral and forward speeds of the
follower are calculated as we did for the two real fish case (Fig. 2e, f). Average lateral/forward
speed is calculated based on the heatmap along the front-back/left-right direction. The critical
turning point of the speed r,(r,) is determined based on peak detection. Bootstraps are applied to
obtain the statistics of the lateral/forward swimming speeds and the turning points. The parameter
K4 is determined by the ratio of the line, which describes the forward swimming speed of the
real fish at the critical turning point 7, as a function of the average swimming speed of the leader
(see detailed mathematical derivation below). To determine K, we simulate (without noise) the
follower following a leader swimming at the corresponding average swimming speed. We simulate
K, ranges from 1.2 to 8 with an interval of 0.1. The K, is optimized to minimize the accumulated

differences between the leader-follower distance lags in simulations and experiments.

1 virtual fish swimming with different swimming patterns.

In these experiments, we control the virtual fish swimming with different patterns— burst-
and-glide and constant speed (Fig. 3a and Supplementary Fig. 10) —but with the same average
values (0.04, 0.05, 0.06, 0.07, and 0.08 m/s). The other experimental setting and analyses are the

same as described above.
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1 virtual fish swimming with different refresh frequencies.

In this experiment, we varied the refresh frequency of the virtual fish. The swimming speed
was set at 0.04 m/s and the fish was programmed to swim with a burst-and-glide pattern. We set the
refresh frequency at 100, 50, 20, 10, 5, or 1 Hz. The refresh frequency determines how frequently
we update the virtual fish, which does not affect the average swimming speed. We analyzed the

distance lags and lateral/forward swimming speeds in the same way as described above.

1 virtual fish with different visibilities

We varied the visibility of the virtual fish by showing it for short periods of time (0.2 s). As
a control, we set the virtual fish to be invisible for short periods of time (0.2 s or 0.4 s) and move at
the same or double the original speed only when in this invisible state. We set the appearance time
to 0.2 seconds to avoid flashing virtual fish. The rest of the experiments and data analyses were the

same as described above.

2 real fish in the matrix with BioPD

In these experiments, we controlled the virtual fish in one arena (arena A) based on the
behavior of the real fish in the other arena (arena B). While in arena B, we controlled the virtual
fish according to the real fish in arena A only when the real fish was swimming behind the virtual
fish. Otherwise, the virtual fish was controlled by the BioPD algorithm. We analyzed data from
both arenas, as in one arena the real fish followed the virtual fish, and in the other arena, the virtual

fish followed the real fish.

2 virtual fish swimming side by side at different average speeds
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In these experiments, we controlled two virtual fish swimming side by side and back and
forth within the bowl. We varied the left-right distances and average swimming speeds to establish
how the real fish controlled its following behavior. The left-right distance was set to 0.01 to 0.12
m in intervals of 0.005 m. The average swimming speed varied from 0.04 to 0.08 m/s in intervals
of 0.01 m/s. We analyzed the distance lag of the following real fish in the local coordinate system
of the two virtual fish, where the center of the two virtual fish is the origin and the positive y axis
is along the virtual fish’s heading direction (Fig. 4j). We averaged the distance lag along the left-
right distance and plotted it in a heatmap. Similarly, we also averaged the heatmap of the following
behavior along the front-back distance to show the decision-making in the z-axis (Supplementary

Fig. 15).
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Supplementary Note 2

Parameter estimation for the model

Our model modifies the traditional PD controller by adding a nonlinear relationship (de-
scribed by a first-order Gaussian derivative function) between speed and relative position. This
function accounts for the phenomenon that when the distance is larger than a threshold distance 7,
(ry), the speed reduces and the follower will reduce its speed to follow the leader. The threshold
distance r, (r,) corresponds to the peak of the first-order Gaussian derivative function. In other
words, the follower should be within the distance threshold to catch up with the leader, and if it
is, the performance is similar to the traditional controller. We first theoretically analyze the final
stable distance by following derivatives: assume a follower is following a leader on the y-axis; the
relative position in the y-axis is Ay. The controller of the follower with a traditional PD controller
is:

vpr = Kp - Ay + Kq- Ay (1)

Then the variation of the distance lag is:

Ay = yvr — Yrr = VvF — URF )

Substituting Eq. 1 into Eq. 2 yields:

AZ):UVF—URFZUVF—Kp‘Ay—Kd'Ay 3)

Solving this equation, we get:

Kl}gclfi)

vyp e Fatt
Ay = 4
A “)
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Where (] is a constant value depending on the initial condition. The final stable distance (t — o)
will be:

v
By = 2T ®

p

In another way, since vgr = K, - Ay + Kq- Ay and §y = yrr — Yvr = Urr — Uy p, WE Can

rewrite the virtual fish speed as:
vrr = KAy + Kq(vrp — vvp) (6)

Therefore, we get the description of real fish swim speed as:

K, . K,
v
K;—1 P "1 2K,

URF = Ay (7)

Therefore, we obtained the relationship (first order) between the real fish’s swimming speed and the
virtual fish’s swimming speed. Using bootstrapping, we resampled lateral and forward swimming
speeds to get the heatmaps (see Fig. 2e, f in the main text). According to Eq. 7, if Ay is fixed, the
relationship between real and virtual fish speeds will be linearly correlated. The ratio is a function
of K. We then fit the swimming speed of the real fish at the critical distance (r, = r, = 0.07 m)
as a function of the average speed of the virtual fish to obtain the ratio k. Based on the ratio £ and

Eq. 7, we calculated K; = k—fl

The model for 2 virtual fish as leaders
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.
Ter = TFp—TL1
Teg = Tp —TL2
121 122
Ve = — (Kp$e1 + Kd:tel)e_ 2r3 + (Kp$62 + Kdlij'eg)e_ 2r3
()
Ye = Yr — YL
y2
Uy = _(pre + Kdye)e 2ry
[ e = e +b

121 where x; and x - are the distance differences between the left and right virtual fish and the real
122 fish in a coordinate system determined based on the two virtual fish (Fig. 4j). v is the distance
123 difference in the y-axis in the local coordinate system. Because y;; = yr2, we set one distance
124 lag y;, for both individuals. Due to the linear perspective, fish perceive the distance in the x-axis
125 to decrease as the distance in the y-axis increases. Parameters a and b are determined based on the
126 fitted critical point in the bifurcation (Supplementary Fig. 15). We fit the bifurcation according to

127 the following steps:

128 We extract the peaks of the data on the z-axis and then fold the values according to z = 0.

129 We then fit a piecewise function to determine the critical point /,:

0 1<,
T = )
all =18 1>1,

130 where «, [3, [ are fitting parameters, z; is the detected peak value in the x-axis.

131 To fit the parameters in the linear perspective model, we first determine the distance lags (d)
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at different average swimming speeds based on the distributions (Supplementary Fig. 12).

We then fit a piecewise function to determine the critical bifurcation points (/). We use these
points, along with the distance lag, d, to determine the parameters (a, b) in the linear perspective
model.

l. =0.28d + 0.05 (10)

Because the distance lag, d, is linearly correlated to the average swimming speeds of the

leader, v, the relationship between /. and v is also linear and can be described as:

l.=0.27v 4 0.04 11

We maintained the value of K, from the 1 virtual fish case and fit /&, based on the observed

distance lag in the experiments, resulting in a value of K, = 1.9.
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Supplementary Note 3

Apply BioPD in multiple robotic platforms (terrestrial, airborne, and watercraft):

In these experiments, we used BioPD and an optimal controller to control three different
types of robots: the Crazyflie drone !, the SunFounders Robot PiCar-X, and a robot boat from MIT
2. We created a virtual leader that moved in a sinusoidal curve for the robots to follow, and we
implemented BioPD and a model predictive controller (MPC) based on our previous research. We

implemented both BioPD and model predictive controller (MPC) based on our previous study 2.

In order to implement the BioPD controller for the drone, we provided velocity in the x-
and y-axes. We used the same values for the proportional (X, =2.3) and derivative (/; =0.58)
controls. Since the size of the robot is larger than the size of the real fish (1 cm), we scaled the
average swimming speed of the leader by a factor of 2 to increase the safety distance. The turning
point of the speed control 7, and r, was also scaled by a factor of 2. The position of the robot was
tracked using a Qualisys motion capture system. With MPC, we designed the state as ¢ = [z, y]7,

and considered a simple kinematic model:

g = wu, where v = [v,,v,]. We apply the controller every sampling instant by solving
the following open-loop optimal controller with a finite horizon: 7ZL’L(ZT7)”L = J(q(7),u(T)) subject to
q(7) = u(7),q(0) = qo, where u, € U,V7 € [t,t + T|. T is the horizon in the controller, and
J(q(7),u(7)) denotes the objective function and is described as J(q(7), u(7)) = fttJrT F(u(r)) +

E(q(t + T)), where F is the cost function regarding the desired performance objective, and F is

the terminal cost (See [2] for details).

10



160 Since the robot car cannot move sideways, we cannot directly apply BioPD to control v,, and
11 vy. Instead, we convert these two speeds into speed v = | /vZ + v; and angular speed w = 0, where

e 0 = arctan(v, /v, ). The state in the MPC here is q = [x,y,6]T. Control energy is estimated by

e fou(r)Tu(r).

11
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Supplementary Note 4

The filter for the two real fish swimming in the same arena and the Matrix system. We apply the

following filters for the data analyses for both cases.

Two fish swim within 0.005 to 0.2 meters.

The distance difference in the z-axis is within 0.03 meters.

Two fish keep these relationships at least for 1 second.

Fig. S3 shows one example of two fish swimming in leader-follower cases.

The filter for the data with one virtual fish swimming in the arena.

In order to analyze the distance lag, lateral speed, and forward speed, we applied filters to
the data. The filters used for the distance lag analysis and the speed along the x- and y-axes are
slightly different because we are primarily interested in the relative stable following distance lag.
We added a swimming direction difference filter to the distance lag analysis and shortened the
continuous frames to 30 frames (0.3 seconds), which is a typical burst-gliding swimming period

for our fish (Supplementary Fig. 7).

We apply the following filters for the data analyses for both cases.

* Two fish swim within 0.2 meters in z- and y- axes.

¢ Real fish is behind the virtual fish.

12



181 * Swimming direction differences between leader and follower are within 30 degrees.

182 * Virtual fish is in the center of the bowl with a radius of 0.1 m. Two fish keep these relation-

183 ships for at least 0.3 seconds.

13
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SUPPLEMENTARY FIGURE 6. Root-mean-square-deviation (RMSD) of the lateral (a) and
forward (b) speeds between pairs (real and ‘“‘the Matrix”’) and pooled real interaction data.
We pooled 22 pairs of real interaction data as a reference and compared the remaining 24 pairs
of real interaction data and 24 pairs of virtual (or “Matrix”) data to the reference. We found
that there was no significant difference between the real and virtual data, as determined by Kol-

mogorov—Smirnov tests (p=0.26 for lateral speed, p=0.9 for forward speed).
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then analyzed using the same methods as in the experiments.
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SUPPLEMENTARY FIGURE 10. Behaviors of the real fish following a leader swimming
with burst-and-glide patterns and constant speed patterns. a, the coordinate system. b, Exam-
ple of the burst-and-glide (BG) swimming pattern at an average swimming speed of 0.04 m/s. ¢
Constant swimming (CS) pattern with an average swimming speed of 0.04 m/s. d-g, Positions of
the follower relative to the leader swimming with BG (d, f) or CS (e, g) patterns. h-m, Lateral and
forward swimming speed as a function of the neighbor’s position with the leader swimming with

BG (h, j, 1) and CS (i, k, m) patterns. 23
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SUPPLEMENTARY FIGURE 11. Behaviors of the real fish following a leader with different
refresh frequencies. a, [llustration of the frequency of updating virtual fish swimming as a leader
at speed 0.04 m/s and corresponding virtual fish position. b Positions of the follower relative to
the leader. c-d, Lateral (¢) and forward (d) swimming speed of the follower as a function of the
leader’s position. e-f, Distribution of the distance lag (e) and difference in z-plane (f) between
the leader and the follower. g, “Time to collision” for the follower. h, Lateral and (i) forward

swimming speed of the follower as a function of the neighbor’s position.
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SUPPLEMENTARY FIGURE 12. Behaviors of the real fish following a leader with varying
visibility. a-c, Illustration of the visibility control of the virtual fish swimming as a leader at a
speed of 0.04 m/s. d-g, Positions of the follower relative to the leader. Lateral (h-k) and forward

(I-o0) swimming speed of the follower as a function of the leader’s position.
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SUPPLEMENTARY FIGURE 13. Behaviors of the real fish following a leader with varying

visibility and speeds of the virtual fish. a-c, Illustration of the visibility and speed of the virtual

fish swimming as a leader at a speed of 0.04 m/s. d-g, Positions of the follower relative to the

leader. Lateral (h-k) and forward (I-0) swimming speed of the follower as a function of the leader’s

position.
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SUPPLEMENTARY FIGURE 14. Relative position differences between two virtual leaders
and one following real fish in y- and z- axis. Distance difference between 2 virtual fish and real
fish in the y-axis (a) in the local coordinate based on two virtual fish (origin is the average position

of 2 virtual fish and points along the virtual fish head direction) and z-axis (b).
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—— Real fish
—— Virtual fish

SUPPLEMENTARY FIGURE 15. Overview of experiments and data analyses with two vir-
tual fish. a, Two virtual fish are swimming back and forth in an arena, with an average swimming
speed of 0.04 m/s. They are positioned beside each other at a lateral distance of 0.08 m. b, The
data were organized around a coordinate system with the origin at the centroid of the virtual fish’s
positions, and decisions were analyzed along the axis perpendicular to their direction of motion.
¢, An example of the real fish’s position density in relation to the virtual fish. We calculated the
normalized marginal probability distribution of the real fish’s position (perpendicular to the virtual
fish’s movement direction) and stacked these distributions for various lateral distances between the
virtual fish. d, We are able to maintain the direction of the virtual fish’s movement without losing
information because the real fish typically maintains a relatively stable front-to-back distance with

its virtual conspecifics (e).
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SUPPLEMENTARY FIGURE 16. Schematic to show how the critical distance /. is deter-
mined based on the heatmap and piecewise function. a, Peaks are determined at each left-right

distance, [. b, We flip the peak values along = = 0. ¢, We fit [, according to the piecewise function.
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SUPPLEMENTARY FIGURE 17. Comparison of the performance and control energy of the
BioPD and MPC controllers for the Crazyflie drone. a, The trajectories of the drone controlled

by each method. b-¢, The control energy of the speed in the x (b)- and y (c)-axes, respectively.
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SUPPLEMENTARY FIGURE 18. Comparison of the performance and control energy of the
BioPD and MPC controllers for the PiCar Robot. a, The trajectories of the car controlled by

each method. b-c, the control energy of the speed (b) and angular speed (c).
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SUPPLEMENTARY FIGURE 19. Comparison of the performance and control energy of
BioPD and MPC controllers for the robot boat. a, The trajectories of the boat controlled by
each method. b-e, The control energy of the four engines within the boat. f, Total control energy

of the four engines.
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Trail description Number of fish Length of each trail

2 real fish 114 (57 pairs) 40 mins
2 real fish in the Matrix 48 (24 pairs) 60 mins
1 virtual fish at different speeds 39 90 mins
1 virtual fish bout vs constant speeds 22 90 mins
1 virtual fish at different display frequency 25 90 mins
1 virtual fish visibility control 32 90 mins
1 virtual fish in the Matrix to verify model 20 (10 pairs) 90 mins
2 virtual fish at different lateral distances and speeds 198 90 mins

Table 1: Number of zebrafish for each experiment.
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